Recently,quantitative models based on signaldetection theory have been successfully applied to the prediction of human accuracy in visual search for a target that differs from distractors along a single attribute (feature search). The present paper extends these models for visual search accuracy to multidimensional search displays in which the target differs from the distractors along more than one feature dimension (conjunction, disjunction, and triple conjunction displays). The model assumes that each element in the display elicits a noisy representation for each of the relevant feature dimensions. The observer combines the representations across feature dimensions to obtain a single decision variable, and the stimulus with the maximum value determines the response. The model accurately predicts human experimental data on visual search accuracy in conjunctions and disjunctions of contrast and orientation. The model accounts for performance degradation without resorting to a limited-capacity spatially localized and temporally serial mechanism by which to bind information across feature dimensions.
mon finding for feature search is that reaction times are independent of the number of distractors (small set-size effect) in the display, which is commonly interpreted as evidence for unlimited capacity parallel processing of all the items in the display. On the other hand, when the target/ distractors discriminability is defined along two feature dimensions, so that the target differs from two types of distractors by a different feature dimension (e.g., a tilted long line among tilted short lines and vertical long lines), the search task is known as a conjunction search. In this case, a common finding is that reaction times increase as the number of distractors in the display increases (large setsize effect), which is taken as evidence of serial processing (e.g., Treisman & Gelade, 1980; Treisman & Gormican, 1988) .
The dichotomy in results between feature (parallel processing) and conjunction (serial processing) search was interpreted by Treisman (feature integration theory; Treisman & Gelade, 1980) as evidence that integration or binding of information across features can only be accomplished through a spatially localized mechanism (visual attention) that operates in serial fashion. In feature integration theory, the visual field is first analyzed by a series of spatiotopically organized maps, called feature maps,
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encoding the presence of a stimulus attribute or feature (e.g., color, motion, orientation, etc.). Each feature map independently signals the presence of a specific feature (redness, tilted, long, etc.) in parallel across the visual field. Therefore, ifthe visual search task is defined by a feature (presence oftiltedness), the time to find the target is independent of the number of elements in the display.
On the other hand, in order to combine activity or information across different feature maps, visual attention must focus on a localized region of the feature maps. Visual attention is inherently spatially localized and temporally serial.
Further experiments (Duncan & Humphreys, 1989) showed that when the similarity of the target and the distractors is high, the set-size effect is large even with feature displays. Treisman explained such findings by stating that when the target/distractor similarity is high, visual attention is needed to perform fine discrimination (Treisman & Gormican, 1988) .
Recently, other studies have shown that other lower level factors affect visual search performance. Increasing element retinal eccentricity has been shown to increase set-size effects (Carrasco, Evert, Chang, & Katz, 1995; Geisler & Chou, 1995) . Increasing element density has been shown to increase set-size effects, because of an increase in lateral masking (Carrasco et aI., 1995) . Experiments have also shown that the number ofeye movements increases with increasing target/distractor similarity (Zelinsky, Sheinberg, & Bulthoff, 1993) . These results suggest that, under free viewing (eye movements allowed), it becomes hard to separate set-size effects that are due to the increasing number ofeye movements from those that are due to the serial allocation of visual attention. Many of the search time studies have not carefully controlled for all these low-level factors that may be confounded with any possible set-size effects that are due to the capacity limitations ofattentional nature. An additional limitation of response time studies is that it is difficult to keep observers' accuracy levels constant, so as not to have differential speed/accuracy tradeoffs across set-size conditions. The inability to keep performance at a constant level across set-size conditions might obscure any interpretations about capacity limitations.
In order to control for some ofthese lower level factors and for differential speed/accuracy tradeoffs, many authors have chosen to use a visual search accuracy study (Bergen & Julesz, 1983a , 1983b Palmer, 1994a; Palmer, Ames, & Lindsey, 1993) . In this type of study, the display is briefly presented. The brief presentation precludes eye movements by the observer during the trials. The ability to correctly determine whether the target is present (yes/no design) or which of M displays contains the target (alternative forced-choice [AFC] design) is measured. The investigator manipulates the number of distractors in the display for the different experimental conditions. The rationale for the accuracy study is that performance degradation with increasing set size may be used to draw conclusions about capacity limitations. The serial model makes explicit predictions for set-size effects in visual search accuracy studies. Julesz (1983a, 1983b) used this method to study search for an L among Ts. Their results were consistent with a temporally serial mechanism.
More recently, investigators have taken into consideration the inherent noise in visual processing. The presence of noise in the encoding of visual properties is supported by physiological studies measuring the statistical reliability ofthe responses of cells (Tolhurst, Movshson, & Dean, 1982) . As will be discussed in detail, the inclusion of noise in the encoding of each element will produce setsize effects in visual search accuracy. Palmer et al. (1993; Palmer, 1994a) have shown that performance degradation as a function of the number of distractors in feature displays can be predicted by a simple model (decision integration hypothesis) that assumes that the observer has noisy representations of the target and the distractors (Palmer, 1994a; Palmer et aI., 1993; Shaw, 1980) and uses the maximum response as the decision variable. This model is based on the widely used signal detection theory (SDT; Green & Swets, 1966; Swets, 1964) first applied by Tanner and Swets(l954) and Tanner (1961) . The model does not assume any change in the quality of the representation of each individual element as a function of target/distractor similarity or increasing number of distractors. The model has been successfully applied in predicting the effect of number of distractors on performance in search tasks in which the target was defined by a variety of properties-disk luminance, blob luminance, blob color, disk size, ellipse orientation (Palmer, 1994a) , letter type (Bennett & Jaye, 1995) , target speed (Verghese & Stone, 1995) -and in tasks involving the detection of contrast-defined targets on a variety of backgrounds (Burgess & Ghandeharian, 1984; Eckstein & Whiting, 1996; Swensson & Judy, 1981) .
The purpose ofthis study is to extend the principles of SDT to visual search accuracy in multidimensional search displays and to report quantitative predictions for performance degradation as a function of target/distractor similarity for three commonly used multidimensional search displays: conjunction, triple conjunction, and disjunction (two-dimensional [2-D] feature) displays. The model is used to fit data on human visual search accuracy for conjunction and disjunction (2-D feature) displays collected by Aiken and Palmer (1992) . The methodology and quantitative predictions that are presented can be used to rigorously test whether the results of visual search accuracy studies can be accounted for by the inherent noise in the visual system or whether capacity limitations (e.g., serial processing) need to be invoked. Before presenting of the theory for multidimensional displays, we discuss the theory for single-dimension (feature) displays.
ONE-DIMENSIONAL (FEATURE) DISPLAYS

Stimuli and Experimental Tasks
One important aspect of the work presented in this study is that the predictions of the model are independent of the dimension manipulated in the experiment.
Target Present Display Target Absent Display
Figure I. Feature search task for a two-alternative forcedchoice defined with respect to contrast. One alternative contains the target (brighter ellipse) and n -I distractors (dimmer ellipse); the other alternative contains n distractors. The observers' task is to correctly identify the alternative with the target. Examples for n = I and n = 7.
presented either simultaneously or sequentially through time. In the design used by Palmer and in the studies presented in this paper, the observer responds without a response deadline. However, in order to control the response time, one might include a response deadline.
The number of distractors is manipulated so that the target-present alternative contains the target and n -I distractors and the target-absent alternative contains the n distractors. Figure I illustrates the task of searching for a bright ellipse (target) among dimmer ellipses (distractors) for set sizes n = I and n = 7 and for two alternatives (M= 2).
Theoretical Principles
The basic assumption of SDT is that each element in the display elicits an internal response in the observer. The internal response to the same element will vary from trial to trial, owing to the internal noise. Possible sources of internal noise include fluctuations in the firing of the cells (Barlow, 1957; Tolhurst et al., 1982) and variability in the decision criterion (Wickelgren, 1968) . On average, the target elicits a different internal response than do the distractors. For example, if the target is brighter than the distractors, the internal response to the target will be, on average, larger than that to the distractor. However, owing to the internal noise, the distractor might elicit a larger response than the target in some trials. On each trial, the observer is assumed to monitor n internal responses to the n distractors in the target-absent display and another n internal responses corresponding to the n -I distractors and the target in the target-present display. The observer then uses the maximum response among the n internal responses for each display as the decision variable. If the maximum response for Display I is larger than the maximum response for Display 2, then choose Display I; otherwise, choose Display 2 (Figure 2) . Although the maximum response rule is not the ideal Bayesian strategy (Pelli, 1985) , it has been shown to predict human results for a number of visual tasks (Palmer, 1994a; Palmer et al., 1993; Swensson & Judy, 1981) , and it sometimes approximates the optimal decision rule (Nolte & Jaarsma, 1966) .
If we define t(x) as the probability of the target response taking a value x, d(x) as the probability ofthe distractor taking a value x, T(x) as the cumulative probability of the target taking a value less than x, D(x) as the cumulative probability of the distractor taking a value less than x, n as the number of distractors in the target-absent display (set size), and M as the number of response alternatives or intervals, the probability of correct identification of the display containing the target (for derivation, see Appendix A) can be written as
(1)
With the assumptions that the internal noise of the observer is Gaussian distributed and that the target distrib-
The dimensions could be luminance, orientation, length, hue, motion, speed, and so forth. The important parameter that will quantitatively determine the effect of the number of distractors is performance (Pc' proportion correct) in identifying a single target from a single distractor along the relevant dimension. As will be discussed later, an underlying internal target/distractor discriminability is associated with the ?C. The observer's internal target/distractor discriminability can be changed by using different experimental manipulations. For example, one can change the physical appearance ofthe distractor to make it more discriminable from the target. On the other hand, one could shorten the time of presentation of the display, which might reduce performance in discriminating a single target from the distractors, effectively reducing the internal target/distractor discriminability. The essential point is that the feature attribute that distinguishes the distractors from the target and the method ofmanipulating the discriminability are irrelevant to the model's predictions of performance degradation as a function of set size. The derived results apply to any attributes and to any methods of manipulating disc riminability. The only restriction is that, as the number of distractors is increased, any factors affecting discrimination ofa single item (such as presentation time) must be kept constant.
In this paper, we consider results for an AFC accuracy design; however, the results can be generalized to yes/no (Palmer et al., 1993) and rating type designs. In an M-AFC design, M displays or alternatives are presented to the observer: one alternative containing the target and M -I alternatives with nontargets. The task of the observer is to correctly identify the display or the alternative containing the target. In this paper, we consider studies in which the observer knows the target a priori. The alternatives are SELECT display 1, else SELECT display 2 Figure 2 . Decision strategy for observer with maximum response rule (Palmer, Ames, & Lindsey, 1993; Swensson & Judy, 1981) . Each element in the two alternatives elicits an internal response in the observer. The responses are subject to random fluctuations owing to internal neural noise. The observer chooses the maximum response per alternative to use as the decision variable and selects the alternative associated with the highest maximum response. ution has the same variance as the distractor distribution but a higher mean (u o ) ' the probability distibutions ofthe internal responses can be parameterized as a function of d~, defined as the distance between the center of the two distributions divided by the standard deviation «(To)' For the case of two response intervals or alternatives (M = 2) investigated in this paper, Pc is given by
is the Gaussian probability that the element value takes a value x and G(x) is the cumulative Gaussian probability that the element distribution takes a value less than x.
The observers' internal discriminability between the target and the distractor is described by d~. In practice, Pc for a given number of alternatives and distractors is measured, and a corresponding d~is inferred from Equation 2.
Representing Target/Distractor Similarity A large number of experiments have shown that increasing the similarity between the target and the distractor will reduce search efficiency, producing steeper slopes in search time studies. These experiments have manipulated color (Farmer & Taylor, 1980; Nagy & Sanchez, 1990) , curvature of lines (Treisman & Gormican, 1988) , letters (Bergen & Julesz, 1983a , 1983b Duncan & Humphreys, 1989; Estes, 1972; Pashler, 1987; Pavel, Econopouly, & Landy, 1992; Treisman & Gelade, 1980; Verghese & Nakayama, 1994; von Griinau, DuM, & Galera, 1994) , and so forth. Palmer (1995) has performed search accuracy studies in which the target was a disk with a higher luminance value than the distractors. His results show larger set-size effects (performance degradation from one and seven distractors) for the conditions with smaller target/distractor differences in luminance.
In the context ofSDT, changing the physical difference between the target and the distractors along the relevant feature dimensions will change the internal discriminability between the target and the distractor (d~). The exact relationship between the change in physical difference (e.g., percentage oforientation difference or contrast difference) and the internal discriminability between target and distractor will depend on the feature dimension manipulated. For example d~might be a linear function, a power function, a log function, or some other function of the physical difference between the target and the distractor along the relevant feature dimension. However, given a certain level of target/distractor internal discriminability (d~), the effect of the number ofdistractors on performance can be obtained by evaluating Equation 2 for the value of d~. Figure 3 (left panels) shows the probability distributions for the maximum response of all elements in the target-present display (target and n -I distractors) and the maximum response ofall elements in the target-absent display (n distractors) for I, 5, and 30 distractors. The target!distractor discriminability, d~, is 2.0.
Overlap between these two distributions is indirectly related to the probability of correctly identifying the targetpresent display and might give the reader some intuition as to how performance is affected by increasing the set size. Figure 3 (left panels) illustrates how, as the number of distractors increases, the overlap ofthe probability distributions increases, effectively reducing the Pc for discriminating the target-present from the target-absent display. Although both the target-absent and the target-present displays contain distractors, the net effect of adding distractors is to increase the probability that the maximum response in the target-absent display will exceed the maximum response in the target-present display. This behavior is a consequence of the internal noise and of the maximum response decision strategy and not ofany reduction in the underlying internal discriminability (d~) between a single target and distractor. Figure 3 (right panels) shows the probability distributions of the maximum response for a case in which the target/distractor discriminability is high (d~= 4.5). Increasing the set size for the high target/distractor discriminability results in a smaller increase in the distributions' overlap than was the case for the lower target! distractor discriminability (d~= 2.0). Therefore, the net effect of increasing the number of distractors interacts with the discriminability between the target and a single distractor. Figure 4 shows Pc as a function of the number of distractors in the display for five different levels of internal target!distractor discriminability (d~). For very high levels of discriminability (d~= 4.5), Pc remains approximately constant as a function of number of distractors. When target/distractor discriminability (d~) is decreased, the change in Pc with number of distractors increases. I Table I lists the obtained values of P; as a function of number of distractors (n) for different levels of target! distractor discriminability (d~), based on the numerical evaluation of Equation 2.
MULTIDIMENSIONAL SEARCH DISPLAYS:
BASIC THEORY
The SDT model can be extended to displays in which the target differs from the distractors along more than one physical attribute or feature dimension (multidimensional; Eckstein, Thomas, Palmer, & Shimozaki, 1996; Eckstein, Thomas, Shimozaki, & Whiting, 1995; Pavel et aI., 1992) . In the context ofSDT, we assume that each of the feature dimensions of interest elicits an independent noisy internal value in the observer. In this way, each element in the display elicits f internal responses corresponding to the f feature dimensions. For the case of two feature dimensions, we can represent the distributions of internal responses associated with the target and distractors by plotting a probability surface in x-y Cartesian coordinates ( Figure 5) . The x-axis corresponds to the probability distribution of the internal response to the display elements along the first dimension (e.g., orientation), and the y-axis corresponds to the probability distribution ofthe internal response to the display elements along the second dimension (e.g., contrast).
The specific distractor configuration corresponds to a typical conjunction display (Treisman & Gelade, 1980) in which the target differs from each ofthe two distractors along one feature dimension. In this paper, we investigate models that combine the information across the two dimensions to create a new variable Z = f(xl' x 2). In this way, each element in the display will be associated with a value along the new decision variable Z. The decision process then remains the same: If the maximum response to all the elements in Display I is greater than the maximum response to all the elements in Display 2, then choose Display I; otherwise, choose Display 2. Figure 6 illustrates the decision rule for a multidimensional display that includes two relevant feature dimensions.
The specific mathematical formf(x I' x 2) ofthe function used by human observers to combine information across dimensions x I and x2 is unknown. In this paper, we consider two possible decision rules: (I) the maximum ofthe linear combination of the responses along the feature dimensions (max-linear) and (2) the maximum response among the elements' minimum response between/among the different feature dimensions (max-min).
In order to generate predictions ofthe Pc for the multidimensional displays, two steps are required: (I) to obtain mathematical expressions by which to calculate the effective target!distractor discriminability along the new decision variable after the combination of information across feature dimensions, and (2) to obtain an expression that takes into account the possibility of different types of distractors with different associated target/ distractor discriminabilities along the new decision variable. Appendices Band C develop in detail the mathematical foundations for the general framework; however, with the introduction of a number of assumptions, the predictions of the model are greatly simplified.
Combining Information Across Feature Dimensions
The first step required to develop predictions for multidimensional displays is to be able to calculate the effective target/distractor discriminability after combination of information across feature dimensions.
Max-linear decision rule. In the multidimensional displays, the target and the distractors elicit a number of noisy responses (x l' x 3' ... xI)' The max-linear decision Figure 3 . Probability distributions for the maximum response ofthe target-present alternative and maximum response of the target-absent alternative for a feature display. Overlap between the two distributions is a graphic measure of disc riminability between the two alternatives. The distributions correspond to a d~= 2.0 for n = I, n = 5, and n = 31. As the number of distractors increases, the overlapping between the two distributions increases. The left panels correspond to medium targetldistractor discriminability (d~= 2.0), and the right panels to high targetldistractor discriminability (d~= 4.5).
rule uses a linear strategy to combine the f feature responses for each element into a single response, Zi:
where Z, is the result of combining responses along allf feature dimensions for the ith element, xi) is the internal
responses along the jth independent feature dimensions for the ith element in the display, and w j is the weight applied by the observer to the jth feature dimension when combining information across feature dimensions.
Ifwe assume that the responses along the individualf feature dimensions are stochastically independent and Gaussian distributed, it can be shown (Appendix B) that the effective target discriminability between the target and the ith distractor, after combining information across feature dimensions, is given by
where d: z is the discriminability between the target and the ith distractor type along the new decision variable z, dij is the discriminability between the target and the ith distractor along the jth feature dimension, and w j is the weight used for the jth feature dimension for the linear combination of information across feature dimensions.
Max-min decision rule. An observer who uses the max-min decision rule first chooses for each element in the display the feature dimension that elicits the smallest response and then chooses the alternative that contains the maximum among these responses ( Figure 6 ). The purpose of this minimum operation is to choose for each distractor the feature dimension that has the highest target/ distractor discriminability.? In order to obtain a general ex-where ei,min(X) is the probability that the minimum pression for the performance of the max-min observer, we among the ith element's f feature responses will take a need to first obtain the probability distribution of the min-value x, ei/x) is the probability of the ith element's elicimum response among f feature dimensions. The distribu-iting a response of value x, along the jth feature dimention of the minimum response among f feature dimension sion, Eik(>X) is the cumulative probability of the ith elresponses for each individual element is given by ement's eliciting a value greater than x along the kth ei,min (x) =Min{xij,j =l, ... ,f} feature dimension, and~k is the Kronecker delta, which is 1 for j = k and 0 otherwise. Equation 5 can be used to calculate, for each element (target and different distrac-J f (I-Ojd tors), the probability functions for the minimum re-
sponse among all the individual feature responses. These j=\ k=! minimum responses are used as the decision variable, and
. Max-linear and max-min decision rules for a conjunction of contrast and orientation search task for a two-alternative forced choice. The target is a vertical high-contrast ellipse among vertical low-contrast ellipses and a horizontal high-contrast ellipse. The observers' task is to correctly identify the alternative with the target. The observer is assumed to monitor two independent noisy responses per element, corresponding to the two feature dimensions. For each element, the two responses are combined through a linear combination rule or a minimum rule, resulting in a single decision variable. The observer then chooses the alternative eliciting the highest response along the decision variable.
the observer is assumed to choose the response alternative containing the maximum response among all the elements' minimum feature responses.
Multiple Distractor Types Along the New Decision Variable (Distractor Variability)
Ifthere are different types of distractors in the display, the target/distractor discriminability along the new decision variable, after combining information across feature dimensions, might be different for different distractors. For the case in which there are different distractors with different associated target/distractor discriminabilities along the new decision variable, we assume that different distractors elicit noisy values with different means.
For the case ofmultiple distractors, the decision rule remains the same as the case with a single distractor type, where the observer monitors all internal responses in the target-present and target-absent displays and selects on each trial the display containing the maximum response.
The Pc in identifying the target-present display for the case of multiple distractor types can be calculated by computing the probability that the maximum response in the target-present display will exceed the maximum response in the target-absent display. A general purpose mathematical expression can be derived to predict Pc for a given target, a set of distractors (N = {n\, nZ, n3' ... , nd, with k different distractor types having n j number of distractors), and number of response alternatives M (see Appendix C for derivationj.'
SIMPLIFIED FORMULATION FOR MULTIDIMENSIONAL SEARCH DISPLAYS
In the previous two sections, we developed the general framework of SDT for multidimensional displays. However, with the additional assumption that the target/distractor discriminabilities along the different individual feature dimensions are approximately equal, the predictions of the SDT model for multidimensional displays are greatly simplified.
Combining Information Across Feature Dimensions
Max-linear decision rule. For the case in which the internal target/distractor discriminability is approximately the same across the different feature dimensions.t one might assume that the observer might equally weight information across different dimensions (averaging or straight summation). For this special case, a simple rule (feature combination rule) can be used to calculate the effective target/distractor discriminability (see Appendix B for derivation).
The feature combination rule states that, iff is the number of relevant feature dimensions across which the (6) internal responses are combined, r is the number of feature dimensions along which the distractor and the target differ, and d~the target!distractor discriminability along each of the the r feature dimensions, the effective target! distractor discriminability is given by a: _rdr ,f -! ...
,jl
The probability function for the target, after combination across feature dimensions, is then given by tf(x) = g (xd'r,f) , and that for the distractor is given by dr,f(x) = g(x).
Max-min decision rule. For the special case in which the target/distractor similarity is the same along the individual feature dimensions and the individual internal responses are Gaussian distributed, the target probability function for the max-min observer is given by
where the notation is as previously defined. Similarly, for the distractors, we obtain
(8)
APPLICATION TO COMMON DESIGNS Conjunction Displays
In the typical conjunction search task (Treisman, 1991; Treisman & Gelade, 1980) , half the distractors are different from the target along a dimension or stimulus attribute xl' and the other half of the distractors are different from the target along another dimension or stimulus attribute X2' For example, Figure 7 (row 2, column 1) shows a possible task in which the two relevant dimensions are contrast and orientation. The target is a vertical high-contrast ellipse. Half the distractors are horizontally oriented and have high contrast, and the other half of the distractors are vertically oriented and have low contrast. In order to generate quantitative predictions for the SDT model for conjunction displays, we apply the two decision rules (max-linear and max-min).
Max-linear decision rule. For the conjunction display, the information is combined across two feature dimensions (I = 2), and each distractor differs from the target along one feature dimension. Using the feature combination rule (Equation 6), we find that the effective target!distractor discriminability for both distractors is given by , , d~(9) dconjunction = d r;I,f;2 = ---r;:'
The effective target/distractor discriminability can then be used with Equation 2 to obtain Pc for increasing set size. Performance predictions in a conjunction display are identical to those in a feature display (Equation 2), except for an additional factor ofV2 dividing d~. This observation leads to the prediction that, if Pc in a conjunction display is transformed to a d' value, using Equation 2, the max-linear model predicts a d' that is lower by a factor of V2 than the d' found for performance for the corresponding feature display (where the target/distractor discriminability along the feature dimension is kept the same as that for the conjunction display). This prediction holds for all levels of target!distractor discriminability (d~) and number of distractors (n).
Max-min decision rule. The purpose of the initial minimum operation among feature dimensions in the max-min decision rule is to select the feature dimension in the distractors that differs from the target the most. Since for the conjunction displays, the target has a higher mean response along both dimensions and the distractors have a higher mean along one dimension, the minimum operation will tend to select in the distractors the dimension that has the lowest mean response (and, therefore, the dimension that differs in mean response from the target).
The maximum operation will then tend to select the target over the distractors. In order to obtain an expression for the max-min decision rule for conjunction displays, we replace the 1= 2 and r = I in Equations 7 and 8 to obtain the probability functions for the minimum among 1 feature responses:
Replacing these expressions into Equation I, one can obtain an expression for Pc as a function of number of distractors (n), number of response alternatives (M), and internal target!distractor discriminability (d~).
Theoretical results. Figure 8 shows that, for both models for a given level of target!distractor discriminability (d~) along an individual feature dimension, overall performance is reduced in a conjunction versus a feature display. In the present comparison, the feature and conjunction displays have the same target!distractor difference along one feature dimension, and in the conjunction display, the target!distractor internal discriminability has been matched along both feature dimensions (Treisman, 1991) . The results show that degradation as a function of number of distractors increases in the conjunction condition for both models (Figure 8 ), although the increase in performance degradation is larger for the max-linear model.
Discussion. Our theoretical results show that the SDT model predicts larger set-size effects for conjunction displays than for feature displays for any given level of target/distractor discriminability (d~). In the SDT model, the lower search efficiency in conjunction displays is a consequence of the combination of noisy activity across the two independent feature dimensions, given the specific task configuration. Since, for each type of distractor, there is only one feature dimension that provides information by which to discriminate it from the target, the effect of combining information across an informative noisy encoder and another, noninformative noisy encoder is to reduce the discriminability between target and distractors along the new decision variable. The reduction in the effective target/distractor discriminability along the new decision variable is what causes the conjunction displays to have larger set-size effects.
Triple Conjunctions Wolfe, Cave, and Franzel (1989) used a display that included three types of distractors and each three distractors shared a different feature with the target (see, e.g., row 4, column I in Figure 7 , where the target is a large vertical high-contrast ellipse and the distractors are a small vertical low-contrast ellipse, a small diagonal highcontrast ellipse, and a large diagonal low-contrast ellipse). He called this display a triple conjunction display. Results showed that set-size effects in search time studies were larger for regular conjunctions than for triple conjunctions. This finding was not predicted by standard feature integration theory and led to a modification ofthat model (guided search model; Wolfe, 1994; Wolfe et aI., 1989) in order to account for the findings.
We will develop the predictions of the SDT model and compare them with simple conjunctions and feature displays for the case in which the internal target/distractor discriminability (d~) is matched across the three feature dimensions and is kept constant across displays.
Max-linear decision rule. For triple conjunctions, information is combined across three feature dimensions (f= 3), and each distractor differs from the target along two feature dimensions (r = 2). Using Equation 6, we then obtain 2d' a: a:
The prediction of the SDT model with a max-linear decision rule is that, if performance is obtained in a triple conjunction display and converted to d', using Equation 2, the resulting d' will be larger by a factor of 2/\/3 than that obtained for the corresponding feature condition (along any of the three feature dimensions in the task). Figure 7 summarizes the model predictions for the maxlinear model in a triple conjunction display.
Max-min decision rule. Since the target has a high mean along three feature dimensions and the distractors have a high mean along one feature dimension, the minimum operation will tend to select in the distractors one of the two feature dimensions with the lowest mean. The maximum operation will tend to select the target over the distractors. In order to obtain an expression for the max-min decision rule for conjunction displays, we replace the/= 3 and r = 2 in Equations 7 and 8 to obtain the probability functions for the minimum among/feature responses:
and
Replacing the probability functions for the target and the distractor in Equation 1, one can obtain an expression for
Pc for triple conjunctions.
Theoretical results.
Comparison ofthe results in Figure 8 shows that performance for the max-min model is slightly better than that for the max-linear model. Figure 8 shows that, for both models at a given level of target/ distractor discriminability (d~) along an individual feature dimension, overall performance is higher for the triple conjunction than for the conjunction and feature displays. In the present comparison, the target/distractor physical differences for the conjunction and triple conjunction displays are matched. Discussion. In the SDT formulation, the improvement in performance from the conjunction display to the triple conjunction display is due to the fact that the target differs from each distractor along two feature dimensions. The effect of combining information across two informative and a noninformative noisy feature responses is a noisier decision variable (by a factor ofY3), but one that discriminates target responses from distractor responses better (by a factor of2). In this way, SDT predicts higher set-size effects for conjunctions versus triple conjunctions without resorting to a two-stage model consisting ofa parallel stage guiding a serial processor (Wolfe et aI., 1989) .
Disjunction (Two-Dimensional Feature)
Treisman (1991) measured search response times for a display in which the target differed from the distractors along two feature dimensions (disjunctions). In order to match distractor variability with respect to conjunction displays, two distractors were used in the disjunction display. The results showed that, even when target/distractor physical difference and distractor variability are matched across displays, disjunctions result in smaller set-size effects than do conjunction displays. In this section, we apply SDT to a disjunction display similar to that used by Treisman. Unlike Treisman's disjunction display, which consisted of two type of distractors, we generated model predictions for a disjunction display with one type of distractor. However, our results could be easily generalized to any number of distractor types. Figure 7 (row 3, column 1) shows the disjunction display in which the target differs from the distractor along two feature dimensions.
Max-linear decision rule. Noting that, for the case of our disjunction displays, information is combined across two feature dimensions (f= 2) and that the target differs from the distractor along the two feature dimensions (r = 2), we obtain from Equation 6 , , 2d~(15) ddisjunction = dr=2,[ =2 = --;::=-.
2
The equation reduces to an expression that is identical to the equation describing the feature search, exctJ't for the fact that a d~is multiplied by a factor of 2/yl2 (target/ distractor discriminability along the individual feature dimensions). The prediction of the SDT model with the max-linear decision rule is that, if performance in a disjunction display is converted to d', using Equation 2, the resulting d' will be larger by a factor of 2/\/2 than that obtained for the corresponding feature condition (along any ofthe two feature dimensions in the task).
Max-min decision rule.
Since the target has a high mean response along both dimensions and the distractors have a low mean response along both dimensions, the minimum operation will tend to select any of the two target and distractor feature dimensions. The maximum operation will then tend to select the target response over the distractors.> In order to obtain an expression for the max-min decision rule for disjunction displays, we use Equations 7 and 8 to obtain
(X) . G(>x). (16)
Replacing the probability functions for target and distractor into Equation 1, one can obtain an expression for P; as a function of number of distractors (n) for disjunction displays.
Theoretical results. Figure 8 shows that performance in disjunction displays for the max-linear model is somewhat superior than that for the max-min model (the opposite of what was found for conjunction displays) for a fixed level of target distractor discriminability (d~) and number of distractors (n). Figure 8 shows that, for both models for a given level oftarget/distractor discriminability (d~) along an individual feature dimension, overall performance is higher for the disjunction displays than for the triple conjunction, feature, and conjunction displays. For the present comparison, the target/distractor physical differences are kept constant across displays.
Discussion. Although our results agree qualitatively with the finding in search time studies ofa higher search efficiency for disjunction than for conjunction displays (Treisman, 1991) , our particular disjunction display is not identical to the one used for Treisman's search time study, where the target was a vertical blue bar, half the distractors were right oriented 27°and violet, and halfthe distractors were left oriented 27°and turquoise. A main difference is that, in Treisman's display, the target's value lies in between the mean values of the distractors (along the hue and orientation dimensions). Although the maxlinear decision rule does not apply directly to this display, it can be shown that, with a change of variables, the two displays become identical and that the max-linear model makes identical predictions for the disjunction display addressed in this paper and the disjunction display investigated by Treisman.s In summary, the SDT model predicts performance improvement from conjunction to disjunction displays.
Matching Performance Across Display Types
The SDT predictions in the previous sections correspond to displays in which the physical difference between target and distractors along the different dimensions are matched across displays (feature vs. conjunction, triple conjunction, and disjunction). However, what if the target/distractor discriminability along the individ- ual feature dimensions in the multidimensional display is increased so that Fe in the n = 2 condition in the feature and the multidimensional display (e.g., conjunction, disjunction, triple conjunction) are equal?" Figure 9 shows that, if the targetldistractor internal discriminability (d~) along the individual feature dimensions are adjusted so that performance across both display types are matched for a given set size (n), the set-size effects for the max-linear observer become the same for all three display conditions and approximately the same as those for the max-min observer.
The Effect of TargetJDistractor Discriminability in Multidimensional Displays
Manipulating the target/distractor discriminability along each individual feature dimension will also affect performance in multidimensional displays. For the maxlinear model and the specific displays investigated in this paper (where d:,j, the targetldistractor discriminability, along all r feature dimensions is equal), the effect of changing the targetldistractor discriminability (d:,j) on Fe is the same as that for the feature task and is entirely described by Figure 4 . For the max-min observer, a similar effect is found.
EXPERIMENT Testing Set-Size Effects in Disjunctive and Conjunctive Displays
To illustrate the applicability of SDT to visual search accuracy in multidimensional displays, we use human data from experiments performed at the University of Washington by Aiken and Palmer (1992) . They used conjunction and disjunction displays that were somewhat different than the ones previously presented in this paper. The conjunction display had an additional third distractor that had a smaller mean response than did the target along both feature dimensions (Figure 10 ). The disjunction display had two additional distractors that also differed along both dimensions from the target (Figure 10) . Thus, the distractors were identical in the conjunction and disjunction conditions. There were three conditions: (1) conjunction display, (2) disjunction display, and (3) disjunction display with reduced target/distractor discriminability.
For each condition, search accuracy was measured for two and eight distractors (n = 2 and n = 8). We applied the developed SDT-basedmodel in an attempt to quantitativelypredict human visual search accuracy for the displays used. The predictions are compared with the predictions ofa limited capacity serial mechanism previously used by Julesz (1983a, 1983b) to predict search accuracy for a T among Ls. In the temporally serial model, the observer can perfectly process h items per presentation time. When the display contains fewer than h items, the observer performs perfectly (100%). On the other hand, when there are more than h items in the display, the observer processes h random elements of the total n elements in the display (without processing the same element twice). The Data Analysis section describes the details about the mathematical fit of the serial model to the data.
Method
Subjects. Three male young adults (age, 23-28 years) with normal or corrected acuity participated in the study.
Apparatus. Images were displayed on a 13-in. Apple color monitor driven by a Macintosh Ilcx computer. The monitor had a background luminance of200 cd/rn-and a resolution of640 by 480 pix-Contrast feature dimensions. A second disjunction condition was also studied, in which the target/distractor discriminability was reduced by making the target an ellipse with 64.5% contrast and an orientation of -1.75 0 • One additional complication of the design of the displays used by Aiken and Palmer (1992) was that the appearance of a distractor was probabilistic. Instead of assigning, from trial to trial, a fixed number of ith type distractors to the displays, distractors were sampled randomly from the three distractor types with a probability of 13.
This design added the additional complication that the display could have different distractor configurations from trial to trial. For example, for the case of n = 3, the alternative containing the target might have two distractors of Type I, two distractors of Type 2, two distractors of Type 3, one distractor of Type I and one distractor of Type 2, and so on. Appendix D develops in detail the application of the SDT model to this particular design, in order to generate the quantitative predictions to be compared with the human data.
Procedure. The display was presented to the subjects in the following sequence. A fixation point was first presented for 100 rnsec, followed by an interstimulus interval of 1,000 msec. The first stimulus display alternative was shown for 100 msec, followed by another interstimulus interval of 1,000 msec. Finally, the second stimulus display alternative was presented for 100 msec. The observers had unlimited time in which to make their decisions.
Data analysis.~for identifications of the alternative display containing the target was computed for each subject and condition. Performance for each of the possible display configurations can be calculated (Appendix D). The probability of occurrence of each possible display configuration can also be calculated, given that each distractor has a 13 probability of being sampled. Finally, an expectation value for~can be obtained: 
Orientation
Equation 18 was fit to the human data for the conjunction displays, with h as the only free parameter.
Results
Table 2 summarizes the measured P; for performances for the different observers in the three different experimental conditions. Figures II A through II C show simultaneous fits of the max-linear and the max-min decision rules for each observer to all three conditions. In order to make these fits, an additional assumption was made about linearity between the physical difference in where Pi is the probability of the ith configuration and~i is the model prediction for the ith distractor configuration. Equations D6 through D lOin Appendix D were used to iteratively change the value of d~to provide the best chi-square fit to the data. In a first analysis, the fits were independently done for each display type. The expected variance (denominator) in the chi-square goodness of fit was based on the statistical variance in~based on the binomial variance. In a second analysis, for each observer, simultaneous fits were performed for all conditions with one free parameter d~.
Performance for the limited capacity serial mechanism for visual search accuracy was previously used by Bergen and Julesz (1983b) . Performance as a function of the number of elements in the display (n) and the number of elements that can be processed serially in the presentation time (h) is given by h (n,h) = 0.5 + -, for n 2: h, 2n
(18)(n,h) = 1.0, for n < h.
and Figure 10 . Modified conjunction and disjunction displays used in the Aiken and Palmer (1992) studies. The top diagram shows the contrast and orientation values for the ellipsoidal targets and distractors used in the conjunction and disjunction experiments by Aiken and Palmer. The bottom diagrams show sample displays used in the experiments, in which the elements appear along the circumference of a circle centered on a fixation point. els. Viewing distance was from 61 ern. resulting in a subtended angle of 2 min of arc per pixel.
Stimuli. The stimuli for the experiment were ellipses with major axes of 30 arc min and minor axes of 10 arc min. The ellipses lay on the perimeter of an imaginary circle with a radius of 6°of arc centered on the fixation point (Figure 10) . Manipulations of the stimuli were performed along two physical attributes: ellipse contrast and orientation. A pilot study was used to determine how to match changes along both dimensions in order to achieve the same search accuracy. These pilot studies revealed that, for a standard ellipse of vertical orientation and 61% contrast, a 5% change in contrast produced approximately the same accuracy as a 3°change in orientation.
Two displays were investigated. In the conjunction display, the target ellipse had an orientation of +3°and a contrast of72%. There were three types of distractors: (I) distractors with 0°orientation and 67% contrast, (2) distractors with +3°orientation and 67% contrast, and (3) distractors with 0 0 orientation and 72% contrast. In this way, two of the distractors shared the same value along one of the feature dimensions with the target. The third distractor differed from the target along both feature dimensions.
In the disjunction display, the distractors remained the same, but the target was an ellipse with 62% contrast and an orientation of -30. In this way, the target differed from the distractors along both Note-Performance is for two set-size levels: n = 2 and n = 8. In order to compare the performance predictions of the max-linear model for the Aiken and Palmer (1992) modified conjunction and disjunction displays with those for the standard conjunction and disjunction displays (rows 2 and 4 of Figure 7 ), P; predictions of the model were converted to d', using Equation 2 (for feature displays). As Figure 7 summarizes, the result of such a transformation for the conjunction display is a d' that is smaller by a factor ofV2 than the d' for the feature display (for all levels of target/distractor discriminability and number of distractors). For the disjunction display, the transformation results in a d' that is larger by a factor ofV2 than the d' for the feature display. For the modified Aiken and Palmer conjunction display, use of Equation 2 to transform p" to d' results in a d' that is smaller by a factor of 1.25/\/2 than the d' for the corresponding feature condition. For the Aiken and Palmer disjunction condition, the result of the transformation is a d' that is larger by a factor of 1.25 . 2/V2 than the d' for the feature condition. Table 3 summarizes the performance predictions, using Equation 4 for the max-linear observer for a feature condition, a standard conjunction condition, a standard disjunction condition, and the Aiken and Palmer modified conjunction and disjunction conditions. The max-linear prediction of the model for the ratio between the d's for the conjunction and disjunction displays (using Equation 2) is 2.0 for both the standard displays (Figure 7 ) and the Aiken and Palmer modified conjunction and disjunction displays.
The ratios between the d's (using Equation 2) for the two display conditions for the 3 human observers were 1.78,2.25, and 2.78 for the n =2 condition and 1.77, 1.7, and 2.50 for the n = 8 condition. Averaging across conditions and observers, the ratio of d's between the conjunction and the disjunction displays is 2.13. Table 4 (upper part), shows the chi-square values for the simultaneous fits for 3 observers. The model could not be rejected (p > .01) for Observers 1 and 2 (for both models) but was rejected for Observer 3 (for both models). For Observer 1, the max-min model provided a better fit, but for Observer 2, the max-linear model provided a better overall fit. square values for separate fits for each display condition. These fits do not make any assumptions about the relation between the physical difference in contrast and orientation and the internal target/distractor discriminability (d~). The model could not be rejected (p > .01), except for the conjunction condition for Observer 2. Table 4 also shows the chi-square values for the best fit of the temporally serial model to the conjunction condition for each observer. Figures llA-ll C also show the best fit for the limited capacity serial model for the conjunction condition for the 3 observers. For all the observers, the best fit was for h = 1 (Equation 18 ), which corresponds to a processing of 10 items per sec. The limited capacity serial model could be rejected for all 3 observers (p < .01).
Discussion
For Observer 1, the set-size effects were larger for the conjunction type displays than for the disjunction type displays. However, for Observer 2, the set-size effect was larger for the disjunction than for the conjunctions. This is due to the fact that Observer 2 was operating at lower performance levels (low target!distractor discriminability), where the performance is closer to the 50% floor level. At these low levels of performance, set-size effects decrease with decreasing target!distractor discriminability.
The separate fits to each condition show that the SDT model with two possible decision strategies (max-linear or max-min) can be used to predict performance degradation in visual search accuracy as a function of the number of distractors for conjunctions and disjunctions of contrast and orientation. On the other hand, the specific temporally serial model previously successfully used by Julesz (1983a, 1983b) failed to predict human visual search accuracy for the conjunction displays (see Table 4B ).
Our results are in disagreement with the results of Julesz (1983a, 1983b) where the serial model predicted visual search accuracy for a T among Ls. Another disadvantage is that the serial model makes the same set-size prediction at all levels of target/distractor discriminability, unless one assumes that the number of items processed per second somehow depends on target! distractor discriminability.
Figures llA-llC show that the SOT model can be used to successfully make predictions across display types. The ability to simultaneously predict performance for the conjunction and the disjunction displays shows that the difference in performance across displays can be accounted for by the model without assuming any qualitative or quantitative changes in the processing. Comparison between max-linear d' predictions for the modified Aiken and Palmer (1992) conjunction and disjunction displays and those for the standard conjunction and disjunction displays (see Table 3 ) show that d' in the former is larger by a factor of 1.25 for both displays. This find- Figure 11 . Proportion correct as a function of number of distractors in the display for three display conditions: conjunction, disjunction high target/distractor discriminability, and disjunction low target/distractor discriminability. There were two number-of-distractor conditions: n = 2 and n = 8. Solid lines correspond to the max-linear model used to fit the display conditions simultaneously. Dashed lines correspond to the max-min model used to fit all the display conditions simultaneously. Different figures (A, 8, C) correspond to the 3 different observers.
ing is consistent with the fact that the Aiken and Palmer displays included additional distractors (see Figure 10 ) that had higher target/distractor discriminability than did the original distractors in the standard conjunction and disjunction displays (see Figure 8) . As a result, the group ofdistractors in the Aiken and Palmer displays degraded performance with respect to a feature display but less than did those in the standard conjunction and disjunction displays.
The ability to predict performance across the two disjunction conditions shows that the model can predict changes in set size with different levels oftarget/distractor ever, the model needs to be generalized to the case in which the target/distractor discriminability is not approximately equal along the individual feature dimensions. We have also assumed that each feature dimension elicits a statistically independent response. Model predictions should be extended to the case in which there are possible correlations (nonindependent) between the feature responses. Julesz (1983a, 1983b) Feature Versus Conjunction There have been numerous studies finding larger setsize effects in search times for conjunction versus feature displays (Treisman & Gelade, 1980; Wolfe et aI., 1989) . Duncan and Humphreys (1989) performed visual search time studies and showed that visual search efficiency increased with increasing target/distractor discriminability and decreased with increasing distractor variability. In their view, the feature/conjunction dichotomy was due to the lower target/distractor discriminability and the higher distractor variability in the conjunction displays. To determine whether target/distractor discriminability could explain all of the difference in performance, Treisman (1991) performed an experiment in which the discriminability between the target and the distractor was kept constant from the conjunction to the feature display. Starting with a conjunction display, this was achieved by eliminating the differences between target and distractors along one of the two feature dimensions and keeping the difference along the other dimendiscriminability (d~) without assuming quantitative or qualitative changes in processing at the different levels of target/distractor discriminability. In the present treatment, we made the assumption that the internal discriminability between target and distractor was linear with the physical difference (contrast and orientation) between the target and distractor. The model fit might be improved if we were to explicitly measure the relationship between percentage of contrast difference or percentage of orientation difference and d~. Interestingly, the present results cannot be used to decide between the two decision strategies, max-linear or max-min. Further experiments need to be performed to decide which decision strategy best models human visual search accuracy.
GENERAL DISCUSSION
Multidimensional Extension of the Signal Detection Theory Model
We have presented an extension of an SOT based model that has been previously used to predict visual search accuracy in feature displays (Palmer, 1994a) . Unlike most current theories of visual search, the SOT model provides a quantitative framework that can be used to rigorously test whether set-size effects are accounted for by the model. The model can be applied to predict the effects on visual search accuracy of target/ distractor similarity and distractor variability, number of distractors, and number of response alternatives, and it can be applied to a variety of multidimensional displays, including conjunction, disjunction, and triple conjunction displays (among others). Performance degradation is predicted with relatively few and well-established assumptions: internal noise, maximum response decision rule, independent processing of features, and for multidimensional displays, linear combination ofresponses or minimum response across feature dimensions.
Application of the model to data collected at the University of Washington showed how the model can be successfully used to predict performance in conjunctions and disjunctions ofcontrast and orientation. We have generated predictions for two different decision strategies for combining information across feature dimensions: the max-linear and max-min models. Throughout our theoretical treatment, we have assumed that the target/ distractor discriminabilities were matched across feature dimensions. This assumption guaranteed that the equal weighting in the linear combination was optimal. How-sion constant. Treisman still found larger set-size effects of conjunction displays versus feature displays where the target/discriminability (d~) along the feature dimensions in both displays were matched. Feature integration theory attributes the larger set-set size effect in conjunctions to the serial allocation of visual attention needed to bind information across feature dimensions. Geisler and Chou (1995) have done experiments showing that the feature versus conjunction dichotomy could be explained, in part, by low-level factors. They conducted carefully controlled 2AFC search accuracy tasks and used the same target and background in a search time study. They showed that the rank order ofthe search times in feature and conjunction displays could be predicted from the size ofan accuracy window. An accuracy window is defined as the accuracy (Pc) in a 2AFC as a function of target position eccentricity. They concluded that the feature/conjunction dichotomy can, in part, be accounted for by the low-level factors, such as stimulus information. Geisler and Chou did not manipulate set size, nor did they propose a mathematical model that generates visual search accuracy results as a function of number of distractors (set size). Their focus was on multiple fixation search tasks in which observers were allowed to move their eyes during the search. Their work also showed the effect of eccentricity on visual search accuracy.
The work presented in this paper specifically attempted to isolate set-size effects of an attentional nature from set-size effects from element eccentricity, element density, and eye movements. Therefore, we focused on an experimental paradigm that tried to neutralize other sources of set size.
Unlike previous treatments (e.g., Geisler & Chou, 1995), our model explicitly attributes the feature/conjunction dichotomy to a specific neural computation. Our model predicts larger set-size effects for conjunction than for feature displays, even when the target!distractor discriminability along the individual feature dimensions are matched in the feature and conjunction displays (Treisman, 1991 ). In our model, the larger set-size effects for conjunctions are an emerging property of the system, given the existence of noise within the visual system, the independent processing of the features in the display, and an assumed decision rule for combining information across feature dimensions. Our results for disjunction (2-D feature) versus conjunction displays were well predicted by the SDT model and were not predicted by a serial attentional mechanism. Therefore, our findings with visual search accuracy are not consistent with a temporally serial mechanism that binds information across feature dimensions. These results agree with recent results (Eckstein, 1998) showing that the one-dimensional feature versus conjunction dichotomy is also predicted by the SDT-based model and not by a temporally serial mechanism.
The main assumption in the SDT model is that the two relevant search dimensions or features have independent noise. On the other hand, if the two features were processed by the same encoder and the observer had direct access to such an encoder, one might not expect the additional performance degradation in the conjunction display. This might be the case for conjunctions of stereo and motion. Nakayama and Silverman (1986) obtained experimental results for conjunction visual search efficiency no lower than that for the typical feature display and related the results to physiological evidence for cells in the visual cortex area MT that respond to motion and stereo disparity (Ballard, Hinton, & Sejnowski '983) . The SDT model predicts that performance degradation from conjunctions can still be overcome by increasing the target! distractor discriminability to higher levels. This observation seems to agree with results that found very shallow slopes (high search efficiency) for conjunction displays with high target/distractor discnminability (Duncan & Humphreys, 1989; McLeod, Driver, & Crisp, 1988) . Wolfe et al. (1989) and also Quinlan and Humphreys (1987) found larger set-size effects In search time Studies for conjunctions than for triple conjunctions where the target/distractor discriminabilities were kept constant across displays. Wolfe et al. interpreted the findings as supporting the idea of guided search where the parallel processes guide the serial-attention-mediated process (Wolfe, 1994; Wolfe et aI., 1989) , In this view, set-size effects are smaller in triple conjunctions, because in this case, the target differs from the distractors along two dimensions (vs. one dimension in standard conjunctions), providing more information by which the parallel process may guide attention. The proposed SDT model also predicts overall performance improvement and smaller set-size effects for visual search accuracy in the triple conjunction displays without resorting to a parallel mechanism's guiding of a serial mechanism.
Conjunction Versus Triple Conjunctions
It is also interesting to note that Wolfe et al. (1989) also performed experiments for a cecond kind of .riple conjunctions in which the target differed from each of the distractors along a single feature dimension instead oftwo (e.g., a large, vertical, high-contrast ellipse target among large vertical, low-contrast ellipses, large, diagonal, highcontrast ellipses, and small vertical, high-contrast ellipses). His results showed that, for triple conjunctions in which targets and distractors differ along a single feature dimension, the set sizes are about the same size as those for conjunctions. Although we did not develop our model in detail for this display, it is interesting to observe that, for the max-linear model, if performance for such a display is transformed to d~, using Equation 2, we obtain a d' that is smaller by a factor V3 than that for feature displays and about the same as the one obtained for conjunction displays (a factor of~smaller than the conjunc- 
Search Accuracy Versus Search Times
The presented SDT-based model makes predictions for visual search accuracy and makes no explicit predictions for reaction time search studies. In different parts of this paper, we compared the set-size effects predicted by the model in search accuracy studies with previous search time results in the literature. We found that, for high performance levels in the search accuracy studies, the rank order of set-size effects predicted by our model agreed closely with the results in search time studies. These comparisons included feature, conjunction, triple conjunction, and disjunction displays. Table 5 summarizes some of the set-size effects predicted by the presented SDT model for visual search accuracy with experimental results for visual search accuracy and visual search times.
The validity of the comparisons between search accuracy and search times is based on the assumption that larger set sizes in visual search accuracy studies lead to larger set sizes in visual search time studies. This assumption is supported by the experiments in Palmer (1995) , where the target was a disk with a higher luminance than the distractors.
His results show larger set-size effects for the conditions in which the target/distractor difference in luminance is smaller. In a subsequent experiment with the same stimuli, the results show that the conditions with a smaller target/distractor luminance difference also lead to larger set-size effects in search time studies (with accuracy kept approximately constant; Palmer, 1996) . This finding suggests that, within certain performance ranges, larger set-size effects in search accuracy studies lead to larger set-size effects in search time studies. Geisler and Chou (1995) presented experiments in which accuracy in a 2AFC and search times for the same stimuli as a function ofeccentricity were measured. Their results also showed that lower performance in search accuracy studies led to larger response times in search time studies.
Even though these studies support the preservation of rank order of set sizes across displays, there is still a need for a model that can mathematically map accuracy measures to reaction times. Work extending the validity of the SDT theory from accuracy studies to reaction time studies has been recently reported (Palmer, 1994b (Palmer, , 1995 (Palmer, , 1996 Palmer & McLean, 1996) .
CONCLUSIONS
We have extended and applied a model based on SDT to predict set-size effects on visual search accuracy for displays in which the target differs from the distractors along more than one dimension (multidimensional search displays). The model accounts for many findings in visual search without resorting to a temporally serial mechanism that binds information across feature dimensions.
proximately the same performance across all feature conditions (e.g., orientation feature search, contrast feature search).
5. Note that, for the disjunction display, a max-min rule results in the same predictions as a max-max rule (an observer who, for each element, takes the maximum response among the two feature dimension responses and then chooses the display containing the maximum response among the maximum feature responses).
6. The mean and variance for the two distractors and the target in Treisman's (1991) 2-D feature display can be written to be: Target:
xl ,xl,lT~; Distractor I: XI + uo,xl + Uo,lT~; Distractor 2: xl -uo,xlUo,lT~. Given that the target does not have the larger response value, the max-linear and the max-min decision rules are not directly applicable to this task. However, one can apply a transformation to the responses by subtracting from all responses by the expected mean responses for the target, then taking the absolute value ofthe responses and finally the negative of the responses. After this transformation the mean and variance of the responses for target and distractors become Target:
-lxI-xII = 0, -lx2-x21 =O,lT~; Distractor I: -u o' -Uo,lT~; Distractor 2: -u o' -Uo,lT~. With the transformation, the expected responses for the two distractors become the same, and the Treisman (1991) 2-D feature display is equivalent to the 2-D feature disjunction display presented in this paper. The model predictions for both 2-D feature cases are identical.
7. For the max-linear model, matching performance between the feature condition and the multidimensional display would involve increasing the target/distractor discriminability (d~) along each feature dimension by a factor of 0 for the conjunction display and V3/2for the triple conjunction display and reducing it by a factor of 0/2 for the disjunction display.
(A3) (A7)
APPENDIX A Feature Displays
The probability of correct identification of the target-present display (Pc) is the probability that the maximum response to the target-present display is larger than the maximum response to the target-absent display. Assuming that each element elicits a statistically independent internal response, Pc can be expressed as the product ofthe probability that the maximum response to the target-present display will take a value x and the probability that the maximum response to the M -I target-absent displays will take a value less than x: The probability that the maximum response to elements in the target-present display will take a value x can be expressed as the sum of t(x) Dn-l(x) (the first term in Equation A2 ; the probability that the target will take a value x and that the n -I distractors will take values less than x), (n -I) d(x) (the probability that any one ofthe n -I distractors [n -I permutations] will take a value x), and T(x) Dn-Z (x) (second term in Equation A2 ; the probability that the target and the remaining n -2 distractors will take values less than x):
P[max(T, D t l, D tZ' ... , D tn-I ) = x] = t(x)Dn-I (x) + (n -I) . d(x)Dn-Z(x) T(x).
(A2)
The probability that the maximum response in the target-absent display will take a value less than x can be guaranteed if all the distractors take a value less than x: n P[max (Ddl,DdZ, ... ,Ddn) (A5)
With the assumption of equal Gaussian internal noise for the target and distractors, the target and distractor density functions are described with equal Gaussian variance distributions, and Equation A5 can be written as p"(M,n,d~) = r:[g(x-d~)Gn-l(x)+(n-1)g(x)Gn-z(x)G(x-d~)][Gn(x)]M-ldx, (A6) where M is the number of alternatives, n the number of distractors per alternative, d~is the distance between the target and the distractor distribution in standard deviation units, g(x) is the probability ofthe Gaussian distribution's taking a value x, 
APPENDIX A (Continued)
When there are no distractors in the target-present display (n = I), Equation A4 reduces to the familiar 2AFC expression, with one display containing one nontarget and the other the target (Green & Swets, 1966) :
A mathematical expression by which to calculate~in the feature condition was first derived by Shaw (1980) and is mathematically equivalent to Equation A I.
-' ----------------------
APPENDIXB Combining Information Across Feature Dimensions
.~---------
Max-Linear Decision Rule
In order to calculate the effective target/distractor discriminability along the new decision variable, we must find the expected value of the mean response and standard deviation to the target and distractors after the linear combination of responses across feature dimensions. The mean response to an element along the new decision variable will be the linear combination of the mean responses of that element along the individual feature dimensions: : 2
\0'=
For the case in which the standard deviation for internal noise is the same along the different feature dimensions and for the different elements, and replacing BI and B3 into B4, the effective target/distractor discriminability reduces to 
is the discriminability between the target and the ith distractor along thejth feature dimension. For the special case in which the target/distractor discriminabilities along all r feature dimensions are approximately equal and the observer uses equal weighting (w j = I for alljs) for all/feature dimensions, Equation B5 reduces to (B6) (B7) 448 ECKSTEIN, THOMAS, PALMER, AND SHIMOZAKI
APPENDIX B (Continued)
, rdd r,f = [ i where d~is the target/distractor discriminability along the individual feature dimensions, r is the number of features along which the target differs from the distractors, andfis the number of features information is combined across.
Max-Min Decision Rule
A second possible way in which the observer can combine information across feature dimensions for each element is by choosing the minimum response across feature dimensions. Given that each element consists of many feature dimensions, the distribution of the minimum is given by the probability that the ith element will take a value x along thejth feature dimension [e;j(x)] times the probability that all other responses along the remaining feature dimensions take a value larger than x,
1
II [E ik (> x) 
j=l k=l
Assuming that the target differs from the distractors along r of thef distractors (f??: r) and that the targetI distractor discriminability along all those r feature dimensions is the same, Equations B7 and B8 become
tmin(x) = f· t(x)[T(>X)]U-I)
dmin(x)= (f -r)t(x)T(>x) I-r-I D(>x)r + rd(x)D(>x) r-l T(>x)/-r.
With the assumption that the internal responses are Gaussian distributed For the case of multiple distractor types with different associated target/distractor discriminability along the new decision variable, the probability of correct identification of the target-present display is still the probability that the maximum response to the target-present display will be larger than the maximum response to the target-absent display (Equation AI). The only difference is that now there are a total of k different distractors types, instead of one type of distractors. Each ith distractor type has n i elements. The probability that the maximum response to elements in the target-present display will take a value of x can be expressed as the sum of (the first term in C 1), the probability that the target will take a value of x and that the n i distractors of all k types will take values less than x, and
